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Abstract

Publishedesearcipapersvailableonthe World Wide Web(WWW
or Web) are often poorly organized,often exist in non-text form
(e.g. Postscript\documentsandincreasein quantity daily. Sig-
nificant amountsof time and effort are commonlyneededo find
interestingandrelevant publicationson the Weh We have devel-
opeda Web basedinformation agentthat assiststhe userin the
procesof performinga scientificliteraturesearch.Given a setof
keywords,the agentusesWeb searchenginesandheuristicsto lo-
cateanddownloadpapersThepapersareparsedn orderto extract
informationfeaturesuchasthe abstractindindividually identified
citationswhich areplacedinto an SQL databaseThe agents Web
interface can be usedto find relevant papersin the databaseis-
ing keyword searchesopr by navigating the links betweenpapers
formedby thecitations.Links to both“citing” and“cited” publica-
tionscanbefollowed. In additionto simplebrowsing andkeyword
searchesthe agentcan find paperswhich are similar to a given
paperusingword informationandby analyzingcommoncitations
madeby the papers.

1 Introduction

Scientific researchattemptsto addto the body of humanknowl-
edge but becauseherealmof researchs sovast,researcherhave
the potentialto duplicatepreviously performedwork. A literature
searchfor relevant publishedresearcthresultsis generallyusedto
avoid duplicationof work. Most publishedscientificresearctap-
pearsin paperdocumentsuchasscholarlyjournalsor conference
proceedingsbut thereis usuallya considerabldime lag between
thecompletionof researclandtheavailability of suchpublications.
The World Wide Web (WWW or Web) hasbecomean important
distribution mediumfor scientificresearctbecauseNeb publica-
tionsareoftenavailablebeforeary correspondingrintedpublica-
tionsin journalsor conferenceproceedings.ln orderto keepup
with currentresearchespeciallyin quickly advancingfields, are-
searchercanusethe Web to download papersassoonasthey are
madeavailableby the author

A problemin thesearchor currentrelevantpublishedresearch
is the exponentialgrowth of the literature. The Web males liter-
ature easierto accessput easeof publicationencouragesn in-
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creasecpublicationrate. Additionally, Web basedresearctpubli-
cationstendto be poorly organized(eachinstitution or researcher
may have his or her own organizationalscheme)and are spread
throughoutthe Weh Despitetheseproblems thereare potentially
importantadvantageso Web basedscientific literature— articles
on theweb canbe retrieved and processedby autonomousgents
much more easily than printed documents.Agentssearchinghe
Webcanprovide anautomatedneanso find, dowvnload,andjudge
therelevanceof publishedresearcltontainedherein.

1.1 Search Engines and Web Browsing

Currently oneof the mostcommonlyusedmethoddor finding in-
terestingpublicationson the Web is to usea combinationof Web
SearchEngineswith manualWeb browsing. Web searchengines
suchas AltaVista (htt p: // al tavi sta. digital.com) in-
dex the text containedon Web pages,allowing usersto find in-
formation using keyword search. Someresearchpublicationson
the Web are madeavailablein HTML format, makingthe text of
thesepaperssearchablevith Web searchengines.However, most
of the publishedresearctpaperson theWebarein Postscripform
(whichpreserestheformattingof theoriginal), ratherthanHTML.
Thetext of thesepapersis not indexed by searchenginessuchas
AltaVista,requiringresearchero locatepagesvhich containlinks
to thesepaperde.g. by searchindor a papertitle or authorname).

1.2 An Agent to Assist in Finding Relevant Publications

The“mostly manual’methodof finding literatureusingsearchen-
ginesandbrowsing requiresa greatdealof tedious,repetitve user
interventionin orderto reacha point wherethe usercanactually
readpartof thedocumento determinavhetheiit is of interest. Ad-

ditionally, evenwhenpapersareimmediatelyavailable,theremay
betoo mary potentiallyinterestingpaperso practicallyperuse.n

orderto assistheuserin finding relevant Webbasedesearctpub-
lications,we have developedCiteSeeran “assistantagent”which
improvesuponthis manualprocessn threeways:

1. It automateshetediousrepetitive,andslow procesof find-
ing andretrieving Webbasedpublications.

2. Oncepotentiallyrelevant papersareretrieved, it guidesthe
usertowardsinterestingpapersy makingthemsearchable.

3. Whenarelevantpaperis found, it helpsthe userby suggest-
ing other relatedpapersusing similarity measuregerived
from semantideaturesof theretrieveddocuments.

Theoperationof CiteSeeiis relatively simple.Givena setof broad
topic keywords, CiteSeerusesWeb searchenginesand heuristics



to locateanddownloadpaperswvhich arepotentiallyrelevantto the
userstopic. Thedownloadedpapersareparsedo extractsemantic
featuresjncludingcitationsandword frequeng information. This
informationis thenstoredin a databasevhich the usercansearch
by keyword, or usecitation basedinks to find relatedpapers.The
agentcanalsoautomaticallyfind paperssimilarto a paperof inter-
estusingsemantideatureinformation.

2 Previous Research

Thedesignof CiteSeettakesbenefitfrom threebroadlines of pre-
viousresearchOneis work in the areaof Web, interface,andas-
sistantsoftwareagents.Anotherline of previousresearchs inves-
tigation into semanticdistancemeasuredetweentext documents
sothatagentansimulateausers concepbf documensimilarity.
Oneimportantexampleof afeatureusedto form semantiaistance
measuress that of citation indexing which recordspublishedre-
searclritationsof andby otherpublications.

2.1 Assistant Agents

AssistantAgentsare often definedasagentsdesignedo assistthe
userwith the useof software systemsy performingtaskson be-
half of the user makinginteractionwith the software systemeas-
ier and/ormoreefficient. Several Web basedassistanagentshave
beenconstructedo helptheuserfind interestingandrelevantWorld
Wide Web pagesmorequickly andeasily Someof these,suchas
[10, 3, 9, 11] (and[5] containsanoverview of severalagents)earn
from userfeedbackin an ervironmentof word vector featuresto
find morerelevant Web pages. Interestingchangego known rel-
evant Web pagesarelearnedby the “Do-I-Care” agent[17]. This
systemalsoallows the agentto learnfrom the feedbackof another
user Althoughit doesno learning,the heuristicWeb agent‘CiFi”
[8] tries to find citationsof a specifiedpaperon the World Wide
Weh CiteSeediffersfrom mostprevious Webagentsn thatit ac-
tually createsa customized'view” of a partof the Weh A local
databasés createdwhich structuresdocumentdownloadedfrom
thewebin away thatis far moreeasilysearche@ndbrowsedthan
if asimplelist of URLswerepresentedAdditionally, CiteSeeral-
lows searchingnsidePostscriptlocumentswhich are“opaque”to
all previoussearchenginesandagents.

2.2 Semantic Distance Measures

Given a setof documentgessentiallytext strings),therehasbeen
muchinterestin estimatinga humannotion of distance(or thein-
verse similarity) measurementsetweerdocumentsPresentlywe
are aware of threecommonlyusedtypesof models. Oneis the
string distanceor edit distancemeasurenhich considersdistance
astheamountof differencebetweerstringsof symbols.For exam-
ple,the Levenshteirdistancd7] is awell known earlyeditdistance
wherethedifferencebetweertwo text stringsis simply thenumber
of insertionsdeletions,or substitutionsf lettersto transformone
string into another A more recentand sophisticatedexampleis
Likelt [18, 19 wherea string distanceis basedon an algorithm
thattriesto “build anoptimalweightedmatchingof thelettersand
multigraphs(groupsof letters)”.

Anothertype of text stringdistancaneasurds basedon statis-
tics of wordswhich arecommonto setsof documentsgespecially
as part of a corpusof a large numberof documents. One com-
monly usedform of this measurepasedon word frequenciesjs
known astermfrequeng x inversedocumentrequeng (TFIDF)
[15]. Consideradictionaryof all of the words(terms)in a corpus
of documents.In somesystemsyery commonwords,sometimes
calledstopwords suchasthe a, etc. areignoredfor computational
efficiengy. Also, sometime®nly the stemsof wordsareconsidered

insteadof completewords. An often usedstemmingheuristicin-
troducedby Porter[12] triesto returnthe samestemfrom several
forms of the sameword. (e.g. “walking”, “walk”, “walked” all
becomesimply “walk”.) In a documentd, the frequeng of each
word stems is f4s, the numberof documents$aving stems is n,
andthehighestermfrequeny is calledfy,,, . - In onesuchTFIDF
schemd14] aword weightwy; is calculatedas:

(0.5 + 0.5 712 )(log 22

Wds =
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where Np is the total numberof documents.In orderto find the
distancebetweentwo documentsa simpledot productof the two
word vectorsfor thosedocumentss calculated.

A third typeof semantidistanceneasurés onein whichknowl-
edgeaboutdocumentomponent®r structureis used.In the case
of researchpublicationsfor example,citationsof papersby other
papershasbeenusedto createcitation indiceswhich canbe used
to gaugedocumentelatednes§l3]. Anotherexampleis the Para-
Sitesystem[16], in which the nearnes®f links to referencedVeb
pagesin the HTML structureof a referencingWeb pageareused
asanindicatorof relatednessf thereferencegages.

@)

2.3 Citation Indexing

Referencegontainedin scientific articlesare usedto give credit
to previous work in the literatureand can be thoughtof asa link
betweenthe “citing” and “cited” articles. A citation index con-
tains the referenceghat an article cites, linking the articleswith
thecitedworks. Citationsarea semantideatureof aresearctpub-
lication which canbe usedto determineits relationshipso other
publications.Citationindiceswereoriginally designedmainly for
informationretrieval [6]. Paperscanbelocatedindependensf lan-
guage,andwordsin the title, keywords or document. A citation
index allows navigationbackwardin time (thelist of citedarticles)
andforwardin time (which subsequenrdrticlescite the currentar
ticle?) makingit a powerful tool for literaturesearch.
Thereareafew existingcommerciakitationindexeddatabases,
suchasthoseprovided by the Institute for Scientific Information
(IS) [1]. ISI producesseveral citation indicesincluding the Sci-
enceCitation Index®, which is a multidisciplinary citation index
for scientificperiodicals Anothercommerciadatabasevhich pro-
vides citation indexing is the legal databaseffered by the West
Group [2], which indexes caselaw, as opposedto scientific re-
searchpublications.CiteSeercreatedndicesarea departur€from
commercialindicesof scientific literature due to their automatic
creationandautonomousgxtractionof citations,andthe ability for
usersto createby usersin realtime. All previous commercialin-
dicesarelarge, accumulatre databasewhile CiteSeelis anup to
date“snapshot’of relevantliteratureontheweh

2.4 A Universal Citation Database

Camerorhasproposed “universal,[Internet-based pibliographic
and citation databasdinking every scholarlywork ever written”
[4]. He describesa systemin which all of theworlds publishedre-
searchwould be availableto and searchabléy ary scholarwith
Internetaccess. Sucha databasewvould be highly “comprehen-
sive and up-to-date”,making it a powerful tool for academidit-
eratureresearch CiteSeercanbe thoughtof asa partialagentim-
plementatiorof what Cameronwould call a “semi-uniersalcita-
tion database”sincea CiteSeeragentonly gathersworks beyond
apointin time. Perhap®neof the mostimportantdifferenceshe-
tweenCamerors universalcitation databaseand CiteSeeris that
CiteSeedoesnotrequireary extra effort on thepartof authorsbe-
yond placemenof their work onthe Weh CiteSeerautomatically



createghe documentandcitation databasérom downloadeddoc-
umantswhereasCamerorhasproposed systemwherebyauthors
or institutionsmustmale citationsin a specificformat.

3 Agent Architecture

The CiteSeeragentconsistsof threemain componentsyi) a sub-
agentto automaticallylocateandacquireresearchpublications(ii)
adocumenparsenddatabasereatorand(iii) adatabasérowser
interfacewhich supportssearchby keyword andbrowsing by cita-
tion links. Figurel givesa diagramof this architecture.
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Figurel: CiteSeeAgentArchitecture.

3.1 Document Acquisition

Useroperationof CiteSeelis relatively straightforvard. Whenthe
userwishesto explore a new topic, a new instanceof the agentis
createdor thatparticulartopic. Thefirst stepis theinvocationof a
sub-agento searchfor Webpageswhich arelik ely to containlinks
to researctpapersof interest. The userinvokesthis sub-agenby
giving it broadkeywords. TheagentusesWebsearchenginege.g.
AltaVista, HotBot, Excite) andheuristics(e.g. searchindor pages
which also containthe words “publications”, “postscript”, etc.).
TheagentiocatesanddownloadsPostscripfilesidentifiedby “.ps”,
“.ps.Z", or“.ps.gz"extensions DuplicateURLsandPostscripfiles
are avoided. Although the only supportedformat of Web based
documentis Postscript,the vast majority of Web basedpublica-
tionsarein thisform, makingthisaminorlimitation. Otherformats
couldbeusedin thefuturewith theappropriatecorverters.

3.2 Document Parsing

Documentparsingis the processingyf downloadeddocumentgo
extract semanticfeaturesfrom the documents.An instanceof the
CiteSeeragentinvokes a parsingsub-agento control the various
parsingprogramsandperformorganizationahouselkeping,error

log generationandhardwareusagemanagemenfThe parsingpro-
gramsextractthedesireddocumenfeaturesandplacetheminto an
SQL databaseThedatabaseontainsthefollowing tables:

e document:Containspiecesof text from the documentthe
URL of thedocumentandaUniqueArticle ID numberUAID).

e documentwrds:Containsvordfrequeng informationabout
thebody of documentseferencedn the documentable.

e citation: Containsthe text of citations madeby the docu-
mentsin the documenttable as well as parsedfield infor-
mation. Eachrecordin this table hasa Unique Citation ID
Number(UCID) andafield for the correspondindJAID.

e citationwords: Containsword frequeng aboutthe citations
in citation

e citeclusterandclusterweightsContainsclusternumberand
weighting information when groupingidentical citationsin
differentforms. Thisinformationis usedfor automaticsimi-
lar documentetrieval.

As documentsaresearchedor by theparsingsub-agentadoc-
umentparsingsub-agentvatchesthe download directory and be-
gins the parsingprocesson documentsasthey becomeavailable.
Thefirst stepin documentparsingis the extractionof the raw text
from the Postscriptfile. Currently we usethe pstotext program
from the DEC Virtual PaperProject. This programtriesto extract
ASCII text formattedusinginformationfrom theoriginal Postscript
text formatting. Then, the formattedASCII text is verified asa
valid researchdocumentincluding a checkfor the existenceof a
list of referencesnearthe end of the documentand a checkfor
non-EngliskdocumentgPublicationsn otherlanguagesrenotyet
handled).An attemptis alsomadeto correctthe pageorderof re-
versepageorderdocumentshile invalid documentsarerecorded
assuchandskipped. Heuristicsare usedto identify the following
in valid documents:

e HeaderThisis theinformationatthe beginning of the paper
thatcontainsthetitle, author institution, and otherinforma-
tion thatcomesheforeactualdocumentext. Identificationof
featuresnsidetheheadei(e.g. author title) is not performed
asyet.

o Abstract:If it exists,theabstractext is extracted.

e Introduction:If it exists,thefirst 300wordsof theintroduc-
tion sectionareextracted.

e Citations: The list of referencesnadeby the documentare
extractedandparsedurtherasdescribedelow.

e WordFrequeng: Wordfrequenciesrerecordedor all words
in thedocumenexceptthosein thecitationsandstopwords.
TherecordedvordsarestemmedisingPorters algorithm.

Oncethe setof referencesiasbeenidentified,individual citations
areextracted.Eachcitationis parsedisingheuristicsto extractthe
following fields: title, author yearof publication,pagenumbers,
andcitationtag. The citationtagis the informationin the citation
thatis usedto cite that citationin the body of the document(e.g.
“[6]", “[Giles97]", “Marr 1982"). Word frequeny of eachcitation
is alsorecordedyith stopword removal andstemmingappliedthe
sameasin the documentword frequeng extraction. Additionally,
we usethe citationtagsto find thelocationsin thedocumenbody
text wherethe citationsareactuallymade.This allows usto extract
the contet of the citationsduringdatabasérowsing.
Theheuristicsusedto parsecitationswereconstructedvith an
“invariantsfirst” philosophy Thatis, subfieldsof a citationwhich



hadrelatively uniform syntacticindicatorsasto their positionand
compositiongiven all previous parsing,were always parsednext.

For example, the year of publicationexists in almostevery cita-
tion asa four digit numberbeginning with the digits “19”. Once
the more regular featuresof a citation were identified, trendsin

syntacticrelationshipbetweersubfieldsto beidentifiedandthose
alreadyidentified were usedto guesswherethe desiredsubfield
existed(if atall). For example,authorinformationalmostalways
precedetitle information,andpublisheralmostalwaysfollows the
title.

3.3 Database Browsing

Thethird componenof theCiteSeeragenis thedocumentiatabase
browser This consistof aqueryprocessingub-agentvhichtakes
a userquery of propersyntaxand returnsan HTML formatted
response. Typically, the query programis not useddirectly, but
througha Web browserinterface. The queryprocessingub-agent
providesserveraldifferentbrawsing capabilitiesthatallow a userto
easilynavigatethroughthedocumentlatabaseAlthoughsearchy
keyword is supportedthereis emphasi®n usingthelinks between
“citing” and“cited” documentdo find relatedresearcipapers.

Thefirst accesgo the publicationdatabasenustbe a keyword
search After ary non-emptyqueryresponsés given,thentheuser
maybrowse. A CiteSeedatabasavascreatedisingtheinitial key-
words “neural networks” for demonstratiorpurposes. Note that
we have not attemptedto index all neural network publications
on the Weh Supposehe userwould like to find all cited papers
jointly authoredby Giles and Chentherein. The example query
citation: +Giles +Chen asksfor all citationswhich containthe
words“Giles” and“Chen”. Figure2 shavstheresultsof this query
in the sampleneuralnetwork databaseThe numberof documents
which cite eachreferences givenin bracletsbeforethereference.
At thebottom,we canseethattherearea total of 36 referenceso
paperdy thesetwo authorsn theneuralnetwork databaseWe use
anidenticalcitationgrouping(ICG) algorithmto groupseveralin-
stance®f the samecited documenthich may appeaiin different
formatsin the citing documentsasdescribedelow.

Thefirst pageof resultsfrom anexamplekeyword searctin the
documentghemseles, document: +recurrent +series is shavn
in Figure3. Herethe headerinformationis given for documents
which containthe keywordsin their body Detailsof a particular
documentcan be found by choosingthe link (Det ai | s) . The
first pageof detailsof the seconditem in Figure 3 are shawvn in
Figure4. The headerabstractURL, andlist of referencesnade
by this documentcanbe seen. Onceaninitial keyword searchis
made theusercanbrowsethedatabaséy usingcitation-document
links. Theusercanfind which papersarecitedby a particularpub-
lication and which paperscite a particular publication, including
the contet of thosecitations. Returningto the exampleof papers
authoredby GilesandChen,suppose userwishesto know which
paperscite the article “Extracting andlearningan unknavn gram-
mar with recurrentneural networks”, shavn as the third item in
Figure2. Thereare9 referencego this work in the sampleneu-
ral network databaseChoosingthelink ( Det ai | s) following
this referencesendsa queryto CiteSeers query processqrwhich
returnsresults(the first pageof which is) shovn in Figure5. The
useris given the exact form of eachcitation, a link and URL to
the citing document,and the context of the citation in the citing
document. If desired,the usercanretrieve the detailsof a citing
documenby choosinghelink to a citing documentTheresultsof
suchaqueryarein thesameformatasFigure4.

4 Semantic Distance Measures

As mentionedn thereferenceso previouswork, semantidistance
measurebetweenbodiesof text areusedto measureheir “relat-
edness” We have implementedsemantidistanceneasuref two
applicationsin CiteSeer First, we have usedword frequeng and
editdistanceso groupthedifferentformsof thesamecitation. Sec-
ondwe have developeda meansof usingcitationfrequeng infor-
mationto find documentgelatedto one of a users interestin the
CiteSeedatabase.

4.1 Identical Citation Grouping

Citationsto a given article canbe madein significantly different
ways. For example,the following citations,extractedfrom neural
network publications areall to the samearticle:

[7] L. Breiman, J.H Friedman, R A Qshen, and C J.
Stone. O assification and Regression Trees.
Wadsworth, Pacific Grove, California, 1984.

6. L. Breinman, J. Friedman, R QO shen and C. Stone,
Classification and Regression Trees, Wadsworth and
Br ooks, 1984.

[1] L. Breinan et al. Cassification and Regression
Trees. Wadsworth, 1984,

As suggestedy the examplecitationsabove, the problemis not
completelytrivial, and so we have implementedan identical ci-
tation grouping (ICG) method. The first stepin this methodis
a normalizationof citationsby rules suchas corversionto lower
caseandremoval of mostpunctuation.Then,we usethefollowing
word/phrasematchingalgorithmto groupthecitations:

e Sortthecitationsby length,from the longestto the shortestita-
tion.
e For eachcitationc:

1. Findthegroupg with the highestnumberof matchingwords

2. Leta=theratio of thenumberof non-matchingvordsto the
numberof matchingwords

3. Let b = theratio of the numberof non-matchingohrasego
the numberof matchingphrasesvherea phrases every set
of two successie wordsin every sectionof the citation con-
tainingthreeor morewords.

4. If (a< threshold1)or (a < threshold2andb < threshold3)
thenthenaddc to the groupg, elsecreatea new group for
this citation

Endfor

In thisalgorithm.,if acitationunderconsideratioris closeenough
to anexisting citationgroup,thenit is included.Otherwiseit starts
anew group. We have performeda formal quantitatve evaluation
of this and comparatie algorithms(a simple baselinemethod,a
methodbasedon Likelt, andthe abore methodwithout phrases),
andfound that this algorithm performsbetterthanthe others(we
have not includeddetailsof the comparisordueto spacerequire-
ments).

4.2 Finding Similar Documents

Given a databasef documentsa usermay find a documentof

interestand then want to find other relateddocuments. He/she
may do this manuallyby using semanticfeaturessuchas author

researchgroup, or publicationvenuefor the document.However,

CiteSeeralso hasa mechanisnfor the automaticretrieval of re-

lateddocumentsasedon distancemeasure®f semanticfeatures
extractedfrom thosedocuments.



CiteSeer Home Help Suggestions

Query: |ci tation: +Gles +Chen

Citations

12

10

Article

Giles, C.L., Sun, G.Z., Chen, H.H., Lee, Y.Chen, D., (1990) "Higher Order Recurrent Networks
and Grammatical InferencefAdvances in Neural Information Processing Systems 2, D.S. Touret
(ed), Morgan Kaufmann, San Mateo, CA, (1990), p. 8B6tails)

Giles, C.L., Miller, C.B.,Chen, D.,Chen, H.H., Sun, G.Z., & Lee, Y.C. (1992)earning and
extracting finite state automata with second-order recurrent netwddesiral Computation, 2,
331-349. (Details)

C.Giles, C. Miller, D.Chen, G. Sun, HChen, and Y. Lee, Extracting and learning an unknown
grammar with recurrent neural networksti' Advances in Neural Information Processing Systems
Moody, S. Hanson, and R. Lippmann, eds.), San M&etails)

T. Maxwell, C. L.Giles, Y. C. Lee, and H. HChen. Transformation invariance using high order
correlations in neural net architectureis1 Proceedings of the IEEE international conference on
systems, man, and cybernetics, pages 627--632, O¢Déiails)

M. Goudreau, CGiles, S. Chakradhar, and CChen, “First-order vs. second-order single layer
recurrent neural networksJEEE Transactions on Neural Networks, vol. 5, no. 3, pp. 511--513, :

(Details)

Y. C. Lee, G. Doolen, HChen, G. Sun, T. Maxwell, H. Lee, and C. Giles. Machine Learning Usin
a Higher Order Correlation Networlehysica D: Nonlinear Phenomena, vol. 22, pp. 276--306, 19

ISSN: 0167-2789Details)

36 citations found

Figure2: Resultsof a keyword searchon citationsin the neuralnetwork database.

4.2.1 Comparison with Previous Research

Previous Web assistantgents(e.g. [10, 3, 17]) have usedword
frequeng informationto automaticallymeasurehow relatedtwo
documentsare. While this hasbeenusefulin somedomains,un-
commonwords may be sharedby documentssimply by coinci-
dence,therebygiving false evidencethat the documentsare re-
lated. Anotherlimitation of this approachis theambiguityof words
and phrases.For example“arm” could meana humanlimb or a
weapon.CiteSeeiis alsodifferentfrom previous citationindexing
agentsin thattheindexing processs completelyautomatic. Cite-
Seerautonomouslylocates,parsesandindexes articlesfound on
the World Wide Weh The publicationdelay for printed journals
andconferencesneanghat CiteSeetasaccesgo articlesthatare
morerecent.

4.2.2 Document Distance Measures

CiteSeerusesseveral methodsfor documentsimilarity measure-
ment.Onevery commonsemantideatureusedto gaugedocument
topic similarity is that of word vectors. We have implementeda
TFIDF [15] schemedo measure valueof eachword stemin each
documentwherea vectorof all of the word stemvaluesrepresent
adocument.We truncateto thetop 20 component$or eachdocu-
mentfor computationateasonsbut thereis evidencethatthis trun-
cationshouldnot have alarge affect onthedistancemeasure§l4].
A stringeditdistancemeasureanalsobe usedto determinedocu-
mentsimilarity. Currently CiteSeemusesthe Likelt stringdistance
[19] to measurdéheeditdistancebetweertheheader®f documents
in adatabasel ik elt triesto matchsubstringsn alargerstring,and
commonauthors,institutions,or wordsin thetitle will tendto re-
ducethelLikelt distancebetweerheaders.

Despitetheir commonuse, single words (and even phrases)
may not alwayshave muchpower to representhetopic of or con-
ceptsdiscussedn aresearchpaper Citationsof otherworksonthe

otherhand,arehandpicked by the papers authorsasbeingrelated
documents.It seemdntuitive then,to usecitationinformationto
judgethe relatednes®f documents.CiteSeemusescommoncita-
tionsto make an estimateof which documentsn the dovnloaded
databasef researctpapersarethe mostcloselyrelatedto a doc-
umentpicked by the user This measure,'Common Citation x
InverseDocumentFrequeng” (CCIDF) is analogougo word ori-
entedTFIDF [14] word weights. The algorithmto calculatethe
CCIDF relatednessf all documentsn the databasé¢o adocument
of interestA andchoosehebestM documentss asfollows:

1. UsetheldenticalCitation Grouping(ICG) algorithmon the
entiredatabase®f documentgo geta count(c;) of how fre-
guentlyeachcitedpaperi occursin thedatabaseTake thein-
verseof thesefrequenciesisaweightfor thatcitation (w; =
é) and storethesevaluesas a table in the SQL database.
Thissteponly needgo beexecutednetime oncethedatabase
hasbeenconstructedandis reusedor laterqueries.

2. Determinethe list of citationsandtheir associatedveights
for documentA andquerythe SQL databaseo find the set
of n documentqB;} : j = 1...n whichshareatleastone
citationwith A.

3. Foreachj = 1...n, determinetherelatednessf the doc-
umentR; asthe sumof the weightsof the citationsshared

with A.
R; = Z W; ()

(i€A;)N(i€B;)
4. Sortthe R; valuesandreturnthe documentsB; with the A/
highestR; values.

As in the use of TFIDF, CCIDF assumeghat if a very uncom-
mon citationis sharedby two documentsthis shouldbe weighted
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Query: [docurent - +recurrent +seri es

NEURAL DYNAMICS OF VARIABLE-RATE
SPEECH CATEGORIZATION

Stephen Grossbergz, lan Boardmany, and Michael Cohenz
Department of Cognitive and Neural Systems

Center for Adaptive Systems
Boston University

(Details)(Find Similar Articles)

RESONANCE AND THE PERCEPTION OF
MUSICAL METER
Edward W. Large
John F. Kolen
The Ohio State University

(Details)(Find Similar Articles)

[...section deleted...]

276 documents found.

Figure3: Resultsof a keyword searchon documentsn the neuralnetwork database.

morehighly thana citationmadeby alarge numberof documents.
Presently althoughwe have not performedformal performance
measuresn CCIDF, practicallywe have foundit to be useful,and
to perform betterthanthe word vectoror Likelt basedautomatic
similar documentetrievers.

Combination of Methods: Although citation basedsimilar docu-
mentretrieval hasprovento besubjectvely superiorto word vector
or Likelt basedretrieval, CiteSeeralso combinesdifferent meth-
ods of documentsimilarity to resultin a final similarity distance
measurethat is hopefully more accuratethan ary single method
alone. We usea weightedsum of documentsimilarity measures
asacombinedsimilarity measurewhichis computedaccordingto
thefollowing combiningalgorithm:

1. Calculatehewordvector Likelt, andCitationsimilarity mea-
suresand normalizeeachmeasureo a 0 to 1 scalewhere
1 representsemanticallyidenticaldocumentsandO repre-
sentscompletelydifferentdocumentginfinite distance)La-
bel the normalizedsimilarity measuredetweentwo docu-
mentsA and B asWV (A, B), LI(A, B), andCI(A, B)
respectiely.

2. Given atarget documentA anda setof n candidatedocu-
ments{B;} : j = 1...n, measureghesimilarity betweend
andall n of the B; documentsisingthethreemeasure§rom
Stepl.

3. Letwwv, wrr, wer betheweightsgivento theirrespectre
similarity measuresTheseweightvaluesarebetweerD and
1 andthey are always normalizedso that wwv + wrr +
wer = 1.

4. Find acombinedsimilarity measureS; betweenA andeach
of the B; documentssthe weightedsum:

S; = wwv WV (A,B) +wriLI(A, B) + wciCI(A, B)

5. Retrieve thedocumentsvith thehighestS; values.

Althoughthiscombinatiorschemés relatively simple,if theweights
areproperlychosen]ogically it will alwaysperformaswell asor

betterthanary single similarity measuremenmethod. The limit-
ing caseof aweightof 1 for thebestperformingmethodshavs that
thisis true. In the future, we intendto explore the useof learning
techniguesn orderto automaticallydeterminethe bestweightsas
a function of the particulardatabasén which the combiningwill
beused.

CiteSeerimplementsthis combined,similar documentdocu-
mentrecommendatiomechanisnaspartof the browvsing process.
GivenaspecifictargetdocumentTheuserchooseg Fi nd Si m
ilar Articles) asseenin Figure3. The detailsof the five
bestdocumentsarereturnedior displayin the Webbrowser

5 Conclusion and Future Work

CiteSeeiis anassistanagentthatautomatesindenhanceshetask
of findinginterestingandrelevantresearcipublicationsontheWorld
Wide Weh Informally, CiteSeerseemgo work well asa practical
tool which cansave researchera greatdeal of time andeffort in
the procesf aliteraturesearch.However, therearedirectionsin
which we intendto furtherdevelop this system.Semantidistance
measuresnay be ableto assistthe recommendationf new inter
estingdocumentsAs new researctpapersecomeavailableof the
web, they canbe automaticallydowvnloadedand parsed.If a new
papeiis similarenougtto auserchoserpaperf interestthenCite-
Seercould notify the userof potentially interestingnew research
by e-mail. Anotherdirectionfor future work is the collection of
databasstatistics.For example,the numberof timesa paper au-
thor, or journalis cited may give someindicationof its influence
in the academiccommunity CiteSeercan currently rank papers
accordingthe numberof citations madeto them, howvever rank-
ings basedon authors journals,etc. arenot currently performed.
CiteSeercould recommendhat the userwatchout for interesting
new paperdrom influentialauthorsandjournals.As thesestatistics
changeover time, this may be anindicatorof researctirends. Fi-
nally, weintendto measur@ndenhanceCiteSeers performancdy
usingexisting bibliographicdatabasesuchasthe mary large Bib-
TeX databasesntheWeh BibTeXinformationis potentiallymuch
moreaccuratahanthat parsedrom a Postscripfile, andcould be



CiteSeer Home Help Suggestions
Query: |docunent: +recurrent +series

RESONANCE AND THE PERCEPTION OF
MUSICAL METER
Edward W. Large
John F. Kolen
The Ohio State University

This document can be downloaded frdtp://archive.cis.ohio-state.edu/pub/neuroprose/large.resonance.ps.Z

Abstract: Many connectionist approaches to musical expectancy and music composition let the question of ™\
next?" overshadow the equally important question of "When next?". One cannot escape the latter question, ¢
temporal structure, when considering the perception of musical meter. We view the perception of metrical stru
a dynamic process where the temporal organization of external musical events synchronizes, or entrains, a lis
internal processing mechanisms. This article introduces a novel connectionist unit, based upon a mathematice
entrainment, capable of phase- and frequency-locking to periodic components of incoming rhythmic patterns.
Networks of these units can self-organize temporally structured responses to rhythmic patterns. The resulting
behavior embodies the perception of metrical structure. The article concludes with a discussion of the implicat
our approach for theories of metrical structure and musical expectancy. Connection Science, 6 (1), 177 - 208.
RESONANCE AND THE PERCEPTION OF MUSICAL METER(Eind Similar Items)

Citations made by this document:

Apel, W. (1972Harvard dictionary of music (2nd ed.). Cambridge, MA: Belknap Press of Harvard University f
(Details)

Allen, P. E. & Dannenberg, R. B. (198Bjacking musical beats in real timie Proceedings of the 1990 Internatior
Computer Music Conference. Computer Music Associafidatails)

Beek, P. J., Peper, C. E. & van Wieringen, P. C. W. (1992) Frequency locking, frequency moduedtion,
bifurcations in dynamic movement systeim<s.E. Stelmach and J. Requin (Eds.) Tutorials in motor behavior II.
Elsevier Science Publishers B. Retails)

Bharucha, J. J. & Todd, P. M. (198@pdeling the perception of tonal structure with neural n€@mputer Music
Journal, 13, 44-53(Details)

Bodenhausen, U. &Waibel, A. (199Ihe Tempo 2 algorithm: Adjusting time delays by supervised leatnify.P.
Lippmann, J. Moody, & D. S. Touretsky (Eds.) Advances in Neural Information Processing Systems 3. San M

CA: Morgan Kaufman. Bolton, TDetails)

Carpenter, G. A. & Grossberg, S. (19&3peural theory of circadian rhythms: The gated pacemdietogical

Cybernetics, 48, 35-59Details)

[...section deleted...]
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Figure4: Detaileddocumeninformationin the neuralnetwork database.

usedto “fill in” informationif a simpletitle matchis made.Also,
BibTeX files canbe usedto createa Postscriptestingdatasetto
measureCiteSeers citation parsingperformance.

References

[1]
(2]
(3]

[4]

Institutefor Scientificinformation,1997.
Keycite,1997.

BALABANOVIC, M. An adaptve Webpagerecommendation
service.In Proceeding®f the FirstInternationalConfeence
on Autonomoug\gents(Februaryl997).

CAMERON, R. D. A universalcitationdatabasasa catalyst
for reformin scholarlycommunicationFir stMonday(Febru-
ary 1997).

(5]

(6]

(7]

(8]

EDWARDS, P., GREEN, C. L., LOCKIER, P. C., AND
LUKINS, T. Exploiting learningtechnologiegor World Wide
Web agents.In IEEE Colloquiumon Intelligent World Wide
Web Agents,DigestNo: 97/118(March1997).

GARFIELD, E. The conceptof citationindexing: A unique
andinnovative tool for navigatingtheresearchiterature.Cur-
rentContentslanuary3 (1994).

LEVENSHTEIN, V. |. Binary codescapableof correctingspu-
rious insertionsand deletionsof ones(original in Russian).
RussianProblemyPeredadi Informatsii 1 (January1965),
12-25.

LOKE, S. W., DAVISON, A., AND STERLING, L. CIFI: An
intelligentagentfor citationfinding on the World-Wide Web.
TechnicalReport96/4 Dept.of ComputerSciencelJniversity
of Melbourne, 1996.



CiteSeer Home Help Suggestions
Query: |ci tation: +Gles +Chen

C. L. Giles, C. B. Miller, D. Chen, G. Z. Sun, H. H. Chen, and Y. C. Lee. Extracting and learning a
unknown grammar with recurrent neural networks. In J. E. Moody, S. J. Hanson, and R. P. Lippm
editors, Advances in Neural Information Processing Systems

This paper is cited in the following contexts:

Learning Sequential Tasks by Incrementally Adding Higher Orders Mark Ring(Details)

...... units can be added to reach into the arbitrarily distant past. Experiments with the Reber grammar have
demonstrated speedups of two orders of magnitude over recurrent networks. 1 INTRODUCTION Second-orc
recurrent networks have proven to be very powerful [8], especially when trained using complete back propage
through time [16, 14]. It has also been demonstrated by Fahlman that a recurrent network that incrementally ¢
nodes during training---his Recurrent Cascade-Correlation algorithm [5]---can be superior to non-incremental,
recurrent networks [2, 4, 11, 12, 15]. The incremental, higher-order network presented here combines advant
both of these approaches in a non-recurrent network.......

Sequence Learning with Incremental Higher-Order Neural Networks Mark Ring (Details)

...... output of two units): ini (t+ 1) = X j X k wijk out j (t)out k (t): The second-order terms seem to have a not
positive effect on the networks, which have been shown to learn difficult tasks with a small number of training ¢
[1, 5,11]. The networks are cumbersome, however, having O(n 3) weights (where n is the number of neurons
order to get good performance, true gradient descent must be done [10, 12], which is also quite cumbersome
different method for getting good performance in a recurrent neural-network is......

[...section deleted...]

Figure5: Detailedcitationinformationin the neuralnetwork database.

[9] MENCZER, F. ARACHNID: Adaptiveretrieval agenthoos-
ing heuristicneighborhood$or informationdiscovery. In Ma-
chine Learning: Proceedingf the fourteenthinternational
Confeence(July 1997),pp.227-235.

[10] Moukas, A. Amalthaea:Informationdiscovery andfilter-
ing usinga multiagentevolving ecosystemln Proceeding®f
the Confeenceon Practical Applicationsof Agentsand Mul-
tiagentTechnolayy (April 1996).

[11] PazzANI, M., MURAMATSU, J., AND BILLSUS, D. “Syskill
& Webert: Identifying interestingWeb sites”. In Proceed-
ings of the National Confeence on Artificial Intelligence
(AAAI96)(1996).

[12] PoRTER, M. F. “an algorithmfor suffix stripping”. Program
14(31980),130-137.

[13] saLTON, G. Automaticindexing using bibliographiccita-
tions. Journal of Documentatior27 (1971),98-110.

[14] SAaLTON, G., AND BUCKLEY, C. “Term weighting ap-
proachesn automatictext retrieval”. Tech Report87-881
Dept.of ComputerScienceCornellUniversity, 1997.

[15] SALTON, G., AND YANG, C. On the specificationof term
valuesin automaticindexing. Journal of Documentatior29
(April 1973),351-372.

[16] SPERTUS, E. ParaSite:Mining structuralinformationon the
Web. In Proceedingof The Sixth International World Wde
Web Confeence(April 1997).

[17] STARR, B., ACKERMAN, M. S., AND PazzANI, M. Do-I-
Care:Tell mewhat’s changedn the Web. In Proceeding®f
the AAAI Spring Symposiunon Machine Learningin Infor-
mationAccessTechnical Papeis (March 1996).

[18] YiAaNILOS, P. ThelLikeltintelligentstringcomparisorfacil-
ity”. NEC InstituteTechReport97-093,1997.

[19] YiAaNILOS, P. N. Datastructuresandalgorithmsfor nearest
neighborsearchin generalametricspaces. In Proceedings
of the 4th ACM-SIAM Symposiunon Discrete Algorithms
(1993),pp. 311-321.



